Abstract-A very efficient energy-management system for hybrid electric vehicles (HEVs), using neural networks (NNs), was developed and tested. The system minimizes the energy requirement of the vehicle and can work with different primary power sources like fuel cells, microturbines, zinc-air batteries, or other power supplies with a poor ability to recover energy from a regenerative braking, or with a scarce power capacity for a fast acceleration. The experimental HEV uses lead-acid batteries, an ultracapacitor (UCAP) bank, and a brushless dc motor with nominal power of 32 kW, and a peak power of 53 kW. The digital signal processor (DSP) control system measures and stores the following parameters: primary-source voltage, car speed, instantaneous currents in both terminals (primary source and UCAP), and actual voltage of the UCAP. When UCAPs were installed on the vehicle, the increase in range was around 5.3% in city tests. However, when optimal control with NN was used, this figure increased to 8.9%. The car used for this experiment is a Chevrolet light utility vehicle (LUV) truck, similar in shape and size to Chevrolet S-10, which was converted to an electric vehicle (EV) at the Universidad Católica de Chile. Numerous experimental tests under different conditions are compared and discussed.
Energy-Management System for a Hybrid Electric Vehicle, Using Ultracapacitors and Neural Networks I. INTRODUCTION E LECTRIC vehicles have improved their performance and made suitable for commercial and domestic use during the last decades. Nevertheless, pure electric vehicles (EVs) still have not achieved ranges as good as gas-powered conventional vehicles. This problem, due to the low-energy density and specific energy contained in most electric batteries compared to that of gasoline, is resolved in hybrid vehicles by combining high-energy density of gas or hydrogen, with high efficiency of electric-drive systems [1] . Still, gas-based or hydrogen-based energy-storage systems, unlike batteries, are unable to accept energy from the regenerative braking. For this reason, these vehicles may use an auxiliary energy system (AES) able to receive regeneration and give power during peak periods. This allows using energy systems (gas turbines, fuel cells, etc.) with lower power ratings, close to the average power consumption, and at the same time, allows improving the overall vehicle efficiency [2] . Two topologies can be distinguished regarding the AES connection: parallel and series connections. of a generic hybrid vehicle, often used in vehicles running on fuel cells, microturbines, internal combustion engines, or some kind of battery with poor specific power. The AES shown in Fig. 1 needs to be a high-specific power device, such as ultracapacitor (UCAP), flywheel, or even a good battery pack. In this case, the UCAP looks as the most appropriate source of power because at 95% efficiency, specific power comes to 1 kW/kg [3] .
For an HEV, in which batteries are in use as "main source" and UCAPs as "auxiliary source," the batteries could be used with an extended range of operation with the same state of charge (SOC) [4] , [5] . However, it is essential the development of an energy-management system to control the power flow between both sources. In previous works, an approach based on SOC control of the auxiliary source was implemented [5] , [6] . Nevertheless, those works did not take in account any consideration of efficiency optimization in the use of both sources.
In this paper, an optimal-control strategy, also based on SOC control of the auxiliary source was developed and tested successfully. The strategy is now based on training a neural network (NN) using the results obtained from simulations of different driving cycles. A digital signal processor (DSP) (TMS320F241) was used for real time implementation. Finally, the optimized results were compared with those obtained with the classic strategy of control proposed in a previous work [6] .
The vehicle used in the driving tests is a Chevrolet "light utility vehicle (LUV)" truck (similar in weight and shape to Chevrolet S-10) with a brushless dc traction motor (nominal power of 32 and 53 kW of peak power). The main energystorage device is formed by a pack of 26 lead-acid batteries connected in series (around 356 Vdc when fully charged) and the AES implemented with a buck-boost converter and a 0278-0046/$20.00 © 2006 IEEE Fig. 2 shows the energy system implemented in the EV, with the main source composed by the lead-acid batteries already mentioned, and the auxiliary source implemented with the buck-boost converter and the UCAP bank. The buck-boost converter allows the energy flow from the UCAPs to the batteries or to the traction motor in both directions.
II. UCAPS LOAD CONTROL
During the regenerative braking, the UCAPs store energy, and during acceleration, they provide energy to the vehicle. However, the control system must predict some driving conditions to be able to minimize the energy consumption. Some variables needed for this process are the vehicle speed, the load current, and the UCAPs charge, which is given by the capacitor voltage through
where E rem uc is the remaining stored energy in the UCAP bank, C the capacitance of UCAP, and V uc its terminals voltage. Considering the batteries to be a passive element, the current across them is controlled by monitoring the load current and by managing the current across the buck-boost converter. On the other hand, the UCAP charge is controlled by a second current-control loop. In addition, a special module is added to control the current limits from the batteries. The schematic is shown in Fig. 3 .
The aforementioned control strategy was implemented in the DSP TMS320F241 with a monitoring system, which allows the communication in real time with a PC. Fig. 4 shows a fragment of the current of the system and the speed of the vehicle during a driving cycle. It is interesting to see that the current of the batteries has been limited to +30 and −3 Adc for acceleration and deceleration, respectively.
Several driving tests in a 14.2-km city loop were performed under three conditions: 1) without regeneration; 2) with regeneration but without UCAPs; and 3) with regeneration and UCAPs.
In the first case (without regeneration) the vehicle can run 2.61 km with 1 kWh of energy. In the second case, adding the regenerative-braking capability of the lead-acid batteries of the prototype, the vehicle increases its efficiency to 3.09 km/kWh, which means an efficiency increase of 18.2%. Now, when the buck-boost and UCAP system is connected, the efficiency increases to 24.4% (3.25 km/kWh). The connection of the UCAP system also reduces considerably the maximum power delivered by the main source during transient periods (lead-acid batteries in this case). It goes from more than 54 kW to only 10.7 kW.
The previous results are quite satisfactory. Nevertheless, it is possible to see that the control strategy has been designed based on the heuristic knowledge of the system and does not represent the optimal one. This work presents the design of a new strategy, in which new efficiency considerations in the operation of the system are considered. 
III. BUCK-BOOST CONVERTER MODEL
The buck-boost converter is used for the exchange of energy between the main and the AES (Fig. 2) . To improve the operation of the system, it is necessary to develop a model, able to know the efficiency as a function of the current and voltage of the UCAPs, and the battery voltage.
To simplify the model, it is assumed that the average value of the voltage in the inductance L in one period of time, is approximately zero. Making power equivalence between both sides of the converter [7] , a relation for buck operation is obtained in (1) , shown at the bottom of the page, where: D "Duty cycle" of the pulsewidth modulation (PWM) applied to the insulated gate bipolar transistor (IGBT). R X Equivalent resistance of bat (battery pack), UCAPs (uc), inductance (L) or diode (inside the buck-boost converter). V X Battery voltage (bat), IGBT drop or ultracapacitor voltage (uc). It is important to mention that R X is not a fixed number in general, but these assumptions do not affect seriously the results obtained when they are assumed constant. Particularly R bat is very sensitive to SOC, but mainly at deep discharges. However, in the range 100%-60% (where the lead batteries being used operate), this parameter can also be considered constant. With UCAPs, Maxwell technologies, one of the most important UCAP manufacturers, defines the equivalent series resistance of a UCAP, simply by Ohm's law.
On the other hand, the duty cycle "D" can be evaluated for given values of current and voltage in (2) , shown at the bottom of the page.
The efficiency relation, for a specific current and voltage of the UCAPs is obtained replacing (2) into (1). In a similar way, it is possible to obtain for a boost operation in the following expressions in (3) and (4), found at the bottom of the next page.
With these equations, the efficiency map of the converter, for each way of operation is obtained. The specific case of the boost converter is shown in Fig. 5 .
IV. OPTIMAL CONTROL: THE MODEL
The purpose of this paper is to find a new control strategy, for a specific driving cycle of the vehicle, able to minimize the discharge of the batteries [8] [9] [10] . The model should also take into account that the UCAPs are only a temporary energy source, because at the end of the driving cycle, they should remain fully charged. From Fig. 2 the relation P load = P bat + P BB is achieved, which can be written as P bat = P load − P BB . Considering that SOC of batteries and UCAPs can be associated with their respective remaining energy E rem bat and E rem uc , and on the other hand, these energies are state variables of the system, the equations that deal with the dynamics of the system are
where ∆T is the sampling time between k and k + 1 and η bat is the efficiency of the batteries energy conversion. The variable that has to be minimized is the battery discharge, which can be expressed as
On the other hand, the buck-boost power at the battery side, given as a function of UCAP voltage and current is
where η BB [V uc (k), I uc (k)] is the buck-boost converter efficiency.
It is necessary to incorporate into the model the restriction E rem uc (N ) = E rem uc (0), which ensures that the UCAPs charge will remain the same at the end of the driving cycle. Then, the optimal-control-model approach becomes
Defining the state variable
For simplification, the motor-inverter system of the vehicle will be considered a "black box" whose power requirements are known for a given driving cycle, and then it is not possible to influence the current I load . As it was previously mentioned, the EV has a data-acquisition system that allows knowing the
load current in the driving cycle. Then, the variableĖ rem bat will depend only on the UCAPs current, which meansĖ rem bat [I uc (k)].
V. NUMERICAL RESOLUTION FOR OPTIMAL CONDITION
It has to be found a control sequence I * uc , 0 ≤ k ≤ N and the trajectory x(k), to find the solution at the set of equationṡ
Minimizing the following cost function
Defining the Lagrangian equation as
and the Hamiltonian
The solution must satisfy Euler-Lagrange equations
Subject to the final condition
Finally, the optimality condition is given by the following relation
Applying the optimality conditions to the model given by (6) , it yields
and then
Now, the derivatives in (9) 
Replacing (15)- (18) into (9), the optimality condition for λ 1 and λ 2 is obtained
where the terms ec16, ec17, and ec18 are the corresponding expressions of (16)- (18), respectively. Equation (10) has given the final condition for lambda and hence The third condition of optimality is given by (11) , where
and finally
where ec 21 and ec 22 are nominations for (21) and (22), respectively. Besides, ∂L/∂I uc is given by (13).
In the above equations, the expressions:
and (∂η BB [V uc (k), I uc (k)])/∂I uc were obtained numerically from (1)- (4).
To solve the system given by the set of equations (6), (19), (20), and (23) the gradient method will be applied. The particularity of this method is that the equations that govern the dynamics of the system are solved exactly in each iteration, by perturbing the control variable every time, to approach the ideal solution. In other words, the algorithm simulates the dynamic response of the system changing the history of the control variable in each iteration. In this way, the physical effect that takes place in the optimization is visible in each step [11] .
The method begins with the initial conditions specification, and a nominal path for the control (I uc ). It is necessary to integrate (6) from t 0 to t f to get x 0 (t), vector that represents the initial path for the state variables. At the same time, the cost function, and the sensitivity matrix F (t), (∂f /∂x), and G(t),(∂f /∂I uc ), which correspond to the Lagrangian Gradients [L x (t) and L I uc (t)], respectively, are evaluated. Then, the associated vector is integrated backward from the final condition to obtain λ 0 (t). Once λ 0 (t) is obtained, it is possible to determine H I uc (t). In the first iterations, H I uc (t) will not be close to zero because the initial chosen path for the control is not optimal. Then, in the following iteration, the history of the control is disturbed by a function of H I uc (t) and the process is repeated until the solution is close enough to the optimal value.
One perturbation option for the variable of control is
where ε i is a scalar. This method is also known as "steepest descendent" algorithm.
VI. SIMULATIONS
A simulation program has been implemented in Matlab for the aforementioned system. To simulate the electrical vehicle behavior, different drive cycles around the city have been performed, from where the motor-drive currents, as a function of time, were obtained. This is possible because the EV and the data-acquisition system were already implemented.
Then, for each one of the drive cycles, the system was simulated according to (6) , taking as information the input currents of the load in each instant. On the other hand, the initial conditions of batteries and UCAPs are also known.
The final objective is to determine the optimal current that the buck-boost converter must deliver. To begin the iteration with the gradient method, it is necessary to establish a history of the nominal control. In this case, the control variable is I uc , which, for the first iteration, is assumed to be a linear function of the load current. Once these parameters have been established, the system is solved through (7)- (11), and then the results of Fig. 6 are obtained. The figure shows a comparison between normal control and optimized control.
It is observed that the optimal control fulfils one of the restrictions proposed in the algorithm, that is, the final charge condition of the UCAPs remains the same as their initial conditions. On the other hand, the reference current for the buck-boost converter has notably reduced the deep of discharge of the batteries and, after 30 different driving cycles, an average improvement of around 5% was obtained. Fig. 7 shows the results obtained at the high-voltage side of the buck-boost converter. It is possible to see that, using this new strategy, the current's variability of the battery is smaller. 
VII. PRACTICAL APPROACH: EXTENSION TO NNS
In recent years, the development of the artificial intelligence (AI) has been remarkable. Its importance lies in the capacity to represent or emulate human knowledge to memorize, acquire knowledge, perceive, and take intelligent decisions. Within this field, we can find the application of NNs to systems identification, process control, prediction, diagnosis, etc. In the area of power electronics, the application of NN has achieved great improvements, and the future looks promising [12] .
The goal is to obtain a simple implementation, in real time, of the control strategy described before. In this way, the utilization of NN on systems identification, and particularly, the approximation of the optimization function previously elaborated appear like an interesting solution [13] . Consequently, as a first step the optimization system was numerically resolved for 30 city-drive data sets, obtaining the required input and output data.
The following where used as the net input data: load current (I load ), load power (P load ), vehicle speed (v), and the kinetic energy (E) contained on it. All at instants k and k − 1. The data output from the net is the ideal current that the UCAPs (I uc ) must deliver. The Levenberg-Marquardt algorithm was used to   TABLE II  ROAD TESTS RESULTS (COMPARISON OF DIFFERENT  CONTROL STRATEGIES) train the net, which is characterized by its fast convergence and robustness. Then, to define the ideal net architecture, "prunning" algorithms where used, in particular the "optimal brain surgeon" (OBS) algorithm [14] , [15] was applied. Finally, to validate the net, the mean quadratic error was analyzed. From a universe of 30 data sets, 10 of them were used as training data, and 20 as validation data. Fig. 8 shows the net's architecture, obtained from OBS algorithm. Fig. 9 shows the results for one of the validation data set. As shown in Fig. 8 , the optimal current approximation delivered by the NN is used as reference for a PI-current control, at the low-voltage side of the buck-boost converter.
Finally, the NN's useful implementation has been done in a serial way, using a high-speed DSP (TMS320F241). The buck-boost control works at 12 kHz; nevertheless, as the system is characterized for its slow dynamics, the reference is updated only at 11 Hz.
VIII. PRACTICAL RESULTS
An urban test course of 14.2 km has been designed. Four different tests where performed: 1) batteries only, without regeneration (to emulate the behavior of a vehicle running on fuel cells or zinc-air batteries only); 2) batteries only, but with regeneration capability; 3) batteries and AES (UCAPs) with SOC control; and 4) batteries and the AES, using optimal control implemented with NNs. Mean values of tests results where calculated after numerous tests performed, which are shown in Tables I and II. According to Table II , with optimal-control strategy proposed, the km/kWh indicator is improved in 3.3% respect to the UCAPs SOC control strategy. Fig. 10 shows a fragment of currents, voltages, and speed signals from the vehicle during tests.
Another important characteristic of the system is that maximum power delivered by the primary source was dramatically reduced, from 54 to 12 kW.
IX. CONCLUSION
A new control strategy for an HEV vehicle was presented in this paper. This strategy was elaborated based on efficiency characteristics of the AES conformed by UCAPs and a buck-boost converter. In order to do this, an optimal-control model has been formulated, the numerical solution has been reached and the model simulated. Thereafter, a theoretical efficiency improvement of 4.9% from the original strategy based on UCAPs SOC was calculated. To test this new strategy on the field, an NN was trained based on results obtained from simulations of different driving cycles. A DSP (TMS320F241) has been used for its real-time implementation.
After numerous city driving tests, a 3.3% improvement compared to SOC control strategy was obtained in terms of km/kWh. On the other hand, if a primary source unable to receive regeneration energy is considered, then the improvement would be of 28.7% in terms of km/kWh.
